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With funds supplied through the NCTI Technology in the Works grant program, IntelliTools made changes to its experimental math software designed to improve usability for students that use AT.  In collaboration with Dr. David Chard of the University of Oregon in Eugene, an experiment was undertaken to determine if the new software could measure automaticity (mathematical fluency) in students with severe physical disabilities.

Summary

-
Software improvements for users of AT have been completed.

-
Identifying subjects that fit the experimental criteria proved extremely difficult.  We expanded our search to five separate sites across four districts.  In the end, we found only two students that fit our experimental criteria.

-
The software has been delivered to the subjects and all data has been collected.

-
Detailed analysis of the collected data has been completed.  Due to such a small sample, the data is idiosyncratic for each subject, so general conclusions are difficult to make, however, the data suggests ways to improve the measurement of automaticity for these subjects.

-
Observations taken during administration of the software suggest that changes funded by this grant have resulted in tremendous improvements in usability for students that use switches and the IntelliKeys keyboard.

Process for identifying student participants
Our experimental design called for selecting students with math skills in the 1st or 2nd grade range. These students needed to be capable of adding 1+1, 2+2, 3+1 . .. up to 8+1 very easily, such that their responses were essentially automatic. On the other hand, we were looking for students who were incapable of subtracting 16 – 7, 16 – 9, 17 – 8 (answers that cross the number 10) without great effort.  In other words, subjects had to be non-automatic in these calculations. In all cases, subjects were to be students with physical, cognitive, and/or hearing impairments. Finally, subjects had to be familiar with using computers for educational purposes.

In our initial project meeting with Dr. David Chard, it was recommended that we pursue students in districts that Dr. Chard had strong relationships with and that were located nearby the Pacific Institute for Research and the University of Oregon in Eugene.

Upon receiving approval from the Institutional Review Board, researchers from the Pacific Institute for Research met with two school districts to request permission to recruit students who met the criteria for the study. Both school districts granted approval to begin the recruitment process. In one school district, no parents were willing to allow their children to participate in the process.  In the second district, one child was identified who met the criteria for having a disability. This child’s parents granted permission for the student to participate. However, the child’s mathematics skills were insufficiently developed, making him unsuitable for participation.

After this setback, we expanded our search to organizations where we had done prior research that involved students with physical disabilities.  At a Northern California school district, two students were identified.  One student was a switch user and one student used the IntelliKeys keyboard.  One of these students had previously participated in our Phase 1 SBIR grant study.  We continued our search, working with two organizations that specialize in working with children that use AT.  In neither case did we find any children that met the mathematical skills criteria. 

This difficulty in finding qualified subjects is disturbing.  Indeed, it may deserve its own investigation.  It is possible that the population of school age students that use switches or alternative keyboards and that can do significant math problems is very small because of organic cognitive issues.  However, it may also be the case that math is not emphasized in this population.  In at least one case, we saw a student that was highly verbal and bright, but could not do math past +1.  Given this student’s other obvious abilities, this lack of mathematical ability was shocking.  If this problem is more widespread, then it is significant for these students and for us.  Through this work, we hope to make software that can help these students.  However, the software can only be successful if these students are exposed to math and expected to achieve. 

Administration of Experimental Software
Delivery of software units was done in two phases within each session.  In the first phase, the subject indicated their answer verbally or with some other signal, and an assistant made the computer inputs.  In the second phase, the student made all computer inputs unassisted.  

The first subject was a female student with Cerebral Palsy.  She was confined to a wheel chair and used a single switch to access the computer or her AAC device using automatic scanning.  During the administration of the assisted baseline, it was clear that she was automatic for +1 facts.  However, in the assisted phase, it took several attempts before she adjusted to the interface and speed of the software.  The software performed well and did not move on until she had made the necessary adjustments in order to achieve 100% on the baseline problems.

In the assisted phases, she would indicate that she knew with a slight head shake, at which time the assistant would start to step-scan through the choices.  The student would then indicate which answer to choose by making a noise (her ‘high voice’) when the cursor was on her choice.  In many cases, it seemed that it was difficult for her to make this noise and this cause some accuracy and speed issues in the assisted phase.

However, the subject was able to handle the unassisted inputs very well.  She was clearly following the direction to “begin scanning when you know”.  For instance, when the problems went past +1, she began to count in her head, then would start answering.  In these cases, she might get the answer correct, but she was clearly not automatic.  This shows up in how long it took her to start scanning.  Early on, she got one wrong (3+2) because the answer was in the first position, but that was the last time that first position answers were a problem – she quickly understood to make two relatively quick inputs to get the first choice.  

While the subject seemed to automatic with +1 and +2, beyond those she seemed to guess at the answers and her accuracy went way down.  Based on this performance, we decided not to continue with harder problem sets.  Observations suggest that we did get data that shows a transition from automatic to non-automatic.

Several important observations can be highlighted for this subject.

-
The subject had trouble communicating her answers to the assistant and this reduced the fidelity of the assisted phase.

-
The subject could manipulate the interface with her switch and follow the directions in the unassisted phase.

-
Visual observations suggest that the student transitioned from automatic to non-automatic during the first session.  The subject was accurate for +1 and +2 problems, but she seemed to guess when problems got beyond this.  

The second subject was a male student with Cerebral Palsy from the same class.  He was a subject in our original research on math and students with physical disabilities.  Since this study was designed to eliminate the software interface issues that we encountered in our initial research, having him in this study was very valuable.  This subject used the IntelliKeys keyboard for computer input.  We had two sessions with this student, one week apart.

Setting up this student was more complicated.  We first tried just using step scanning with no key guard.  That did not work because the student would tend to rest his hand on the keyboard and that would produce many spurious inputs.  Next we tried the automatic scanning with no key guard.  This did not work for the same reason – the student would make spurious inputs, so choices would be made erroneously. Finally, we went back to step scanning, but used a 2 hole key guard.  This worked best.  The student would still make spurious inputs, but he could rely on the separation of the scanning and choice areas by the key guard to minimize the affect.  This meant that he might step past his choice, but he could just continue stepping until he got back to it.  Then he could move over to the choose-button and select it.  Sometimes he might have to cycle though the choices many times, but eventually he would end up on his choice.  This worked very well for him for the most part.

This student also had to make a significant effort during the assisted phase to declare the answer.  This meant that some fidelity in this phase was lost.  

During the unassisted phase, the student handled the interface well.  There were few times in the unassisted phase when he would make input mistakes, but it was not common.  The software did a good job of handling the issue of spurious inputs, by allowing the student enough time to cycle back to the answer before choosing.

This student was able to answer many more questions correctly.  He was clearly automatic with the easier units.  In later units, he would sometimes guess and took longer to answer.  So it seems that we have data that should show a transition from automatic to non-automatic.

Important observations for this subject are:

-
The subject had some trouble communicating his answers to the assistant and this reduced the fidelity of the assisted phase somewhat.

-
After trying several different setups, the subject could manipulate the interface with the IntelliKeys keyboard and follow the directions in the unassisted phase.

-
Visual observations suggest that the student transitioned from automatic to non-automatic during the two sessions.

This student was also involved in our original work on math and students with physical disabilities.  In that study, the software interface did not work well for this student.  At that time, the software used a direct select interface on the IntelliKeys keyboard.  This required the subject to shift positions when the answer was on the other side of the keyboard.  This took a long time and often meant that the program would timeout before he could answer.  Analysis of that data would indicate that he was not automatic for any questions.  Even at the time, it was clear that he was automatic for +1 and +2, as he could say the answer to these problems.  Thus, the original software did not work at all in determining automaticity for this student.  Moreover, he found using the original software very frustrating.

Analysis of Data

Below are baseline data and unit data tables for the two subjects.  The baseline data table contains the descriptive statistics for the last set of baseline questions that were delivered to each student.  The important values are the scan start mean and the scan start standard deviation.  These are used to calculate two automaticity limits, one for the assisted phase and one for the unassisted phase as follows:

Automaticity Limit in Seconds = Round( Scan Start Mean  + Scan Start Standard Deviation )

The students are known to be automatic for the 8 baseline questions (addition of 1 for sums under 10), so we have used the response times to these questions to calculate a value that represents the time limit within which a question must be answered correctly to be considered automatic – the automaticity limit.  In other words, we consider responses to unit questions that fall within one standard deviation of the mean baseline response time to be automatic.  Questions that are answered incorrectly, or fall outside this automaticity limit, are not considered automatic.  The assisted and unassisted phases have different automaticity limits.  This makes intuitive sense, since the method used to capture and input the responses is different for the assisted and unassisted phases.  The baseline data bears this out; the average response time for assisted and unassisted phases is different within a single subject.  

The baseline data tables have the following data: 

Scan Start
The number of seconds after the question was shown before the student started scanning for the answer.

Scan Select
The number of seconds after the question was shown before the student selected the answer.

Assisted Limit
This is the automaticity limit for the assisted (control) phase.  This was when determining the percentage of automatic answers in the Unit table.

Unassisted Limit
This is the automaticity limit for the unassisted phase.  This was when determining the percentage of automatic answers in the Unit table.

The Unit Data has the following information in it:

Unit
The question set.  The units were organized as follows:

Unit 1:
Addition of single digit numbers with sums < 10, where the right operand is less than or equal to the left operand.  For example, 5+2.

Unit 2:
Addition of single digit numbers with sums > 10, where the right operand is less than or equal to the left operand.  For example, 7 + 5.

Unit 3:
Addition of a double digit number to 1 or 2, for sums less than 20.  For example, 15+2.

Unit 4:
Subtraction of single digit numbers with results < 10 and > 0.  For example, 7 - 5.

Unit 5:
Addition of a double digit number to single digit numbers > 2, for sums < 20.  For example, 12 + 5.

Count
The number of questions in the unit.

Assisted Correct
The percentage of questions that were answered correctly in the assisted phase.

Assisted Automatic
The percentage of questions in the assisted phase that were considered automatic.

Unassisted Correct
The percentage of questions that were answered correctly in the unassisted phase.

Unassisted Automatic
The percentage of questions in the unassisted phase that were considered automatic.

Correspondence
The percentage of questions which have the same automaticity value in the assisted phase and the unassisted phase.  This is an indication of how closely the data matched, on a question-by-question basis, between the two phases.  For instance, Jaryd’s Unit one data shows that 54% of questions were either both automatic or both not automatic in the two phases.

False Positive
This is the percentage of questions that were automatic in the unassisted phase, but not automatic in the assisted phase.  In other words, if we assume that the assisted phase is our control, then this is the percentage of questions that showed up as automatic, but should have been non automatic in the experimental phase.

False Negative
This is the percentage of questions that were non-automatic in the assisted phase, but automatic in the unassisted phase.  Again, if we treat the assisted phase as the control, then this is the percentage of false negatives in the experimental phase.  


NOTE: Adding “Overall Correspondence” with False Positive and False Negative yields 100% (the total number of questions = accurate questions + inaccurate questions).

Baseline Data and Automaticity Limit Calculation for Subject 1 (Female)

	
	Assisted
	Unassisted

	
	Scan Start (Secs)
	Scan Select (Secs)
	Scan Start (Secs)
	Scan Select (Secs)

	Max
	3
	7
	2
	11

	Min
	2
	3
	1
	2

	Average
	2.25
	5.13
	1.38
	6.13

	Std. Dev.
	0.46
	1.55
	0.52
	3.36

	
	
	
	
	

	Assisted_Limit
	3.00
	Unassisted_Limit
	2.00
	


Unit Data for Subject 1

	
	
	Assisted
	Unassisted
	
	
	

	Unit
	Count
	% Correct
	% Automatic
	% Correct
	% Automatic
	Correspondence
	False Positive
	False Negative

	Unit 1
	13
	62%
	8%
	31%
	8%
	85%
	8%
	8%

	Unit 2
	20
	40%
	0%
	30%
	5%
	95%
	5%
	0%

	
	
	
	
	
	
	
	
	

	All
	33
	48%
	3%
	30%
	6%
	91%
	6%
	3%


Baseline Data and Automaticity Limit Calculation for Subject 2 (Male)

	
	Assisted
	Unassisted

	
	Scan Start (Secs)
	Scan Select (Secs)
	Scan Start (Secs)
	Scan Select (Secs)

	Max
	4
	7
	12
	24

	Min
	1
	2
	1
	4

	Mean
	2.38
	3.63
	4.38
	11.63

	Std.Dev.
	1.51
	1.60
	4.44
	7.21

	
	
	
	
	

	Assisted_Limit
	4
	Unassisted_Limit
	9
	


Unit Data for Subject 2

	
	
	Assisted
	Unassisted
	
	
	

	Unit
	Count
	% Correct
	% Automatic
	% Correct
	% Automatic
	Correspondence
	False Positive
	False Negative

	Unit 1
	13
	100%
	69%
	77%
	54%
	54%
	15%
	31%

	Unit 2
	20
	80%
	45%
	55%
	55%
	60%
	25%
	15%

	Unit 3
	17
	100%
	71%
	82%
	76%
	71%
	18%
	12%

	Unit 4
	20
	65%
	45%
	55%
	55%
	80%
	15%
	5%

	Unit 5
	20
	65%
	25%
	65%
	50%
	55%
	35%
	10%

	
	
	
	
	
	
	
	
	

	All
	90
	80%
	49%
	66%
	58%
	64%
	22%
	13%


1
The very small sample size makes it impossible to draw firm conclusions from these data, as it is idiosyncratic to the two subjects.  However, the data can be examined in light of these particular subjects’ cognitive and physical issues.

2.
Subject 1 used a switch that was mounted in a fixed position on her wheelchair.  Subject 2 used the IntelliKeys keyboard, which required him to use a greater range of motion.  This is indicated by the higher standard deviation in the unassisted scan start time for subject 2.  It is possible that subject 2 would have benefited from using the automatic scanning overlay, so that he did not have to move his hand so far.

3.
There is a decrease in accuracy between the assisted phase and the unassisted phase for all units in both subjects.  Part of this discrepancy is due to each subjects’ physical issues.  It was clear from observations that both subjects may have had some spurious inputs, although it was not common.  Additionally, some of this discrepancy may be attributed to the difficulty in understanding the subjects’ choice in the assisted phase, combined with a natural human desire to hope that they are correct.  

4.
Based on observation, Subject 2 seemed to be automatic in Unit 1 and Unit 3.  This is seen in the data as high accuracy (100%) in the assisted phase.  This high accuracy carried over into the unassisted phase.  Likewise, automaticity, as we defined it, is highest for Units 1 and 3 in the assisted phase.  This carries over in the unassisted phase for Unit 3, but not for Unit 1.  This may be a reflection of the high standard deviation for this subject’s unassisted baseline.  Again, using an automatic scanning interface may improve results for this subject.

5.
Based on 4 above, there is a possible procedural path to improving the quality of the automaticity measure.  Using the standard deviation of the unassisted baseline, it could be possible to measure the quality of the user’s physical setup.  Various setups could be tried until one was found that yielded a sufficiently low standard deviation.  Additional experimental work would need to be done to see if this was feasible.

6.
It is likely that, for students that use AT, a combined measure of accuracy and fluency over a number of questions is necessary to gauge automaticity.  A question-by-question measurement is too inaccurate, due spurious inputs and the relatively high standard deviation found in baseline measures.  However, % accuracy for a unit, combined with a time limit for each question derived from baseline measures, could be used.  For instance, if we chose 75% accuracy across a unit as our automaticity measure, then Subject 2 would appear automatic for Units 1 and 3, which is in alignment with observations.  Additional experimental work would need to be done to determine if this approach is feasible.

Conclusions

With funding from this grant, we made many changes to the software so that it would work better for students with significant physical disabilities.  Our observations suggest that these improvements have made a tremendous positive difference in overall usability.  Indeed, it appeared that both students found it easier to make computer inputs independently rather than communicate their answers to an assistant.  The student that had used both the old software and the improved software clearly had a more enjoyable experience with the new software.  

Since it appeared, from observations and from the data, that Subject 1 was not automatic for even the easiest unit, it is difficult to draw conclusions from her data.  However, Subject 2 did seem to be automatic for at least two units.  Close analysis of these data suggests that baseline measures might be improved through iteration of the user’s physical setup.  Moreover, combining accuracy and fluency measures across a series of closely aligned probes may yield a useful metric for automaticity in these students.  Further experimental work would be needed to determine if those approaches are feasible.
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